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Abstract—Prolonged working hours are a primary cause of
stress, work related injuries (e.g, RSIs), and work-life imbalance
in employees at a workplace. As reported by some studies, taking
timely breaks from continuous work not only reduces stress and
exhaustion but also improves productivity, employee bonding, and
camaraderie. Our goal is to build a system that automatically
detects breaks thereby assisting in maintaining healthy work-
break balance. In this paper, we focus on detecting foosball breaks
of employees at a workplace using a smartwatch. We selected
foosball as it is one of the most commonly played games at
many workplaces in the United States. Since playing foosball
involves wrist and hand movement, a wrist-worn device (e.g., a
smartwatch), due to its position, has a clear advantage over a
smartphone for detecting foosball activity. Our evaluation using
data collected from real workplace shows that we can identify
with more than 95% accuracy whether a person is playing
foosball or not. We also show that we can determine how long a
foosball session lasted with an error of less than 3% in the best
case.
I. INTRODUCTION
Prolonged working hours at workplaces has many adverse
effects on employees. It is a primary cause of stress for
many people impacting their health and well-being. Project
deadlines and late night working hours further exacerbate
work-life balance of employees. According to a work-stress
survey conducted in 2013, 83% of American workers say that
they feel stressed out by their jobs. Taking frequent breaks
can reduce stress and exhaustion, further, it has a positive
impact on the employees productivity as reported by multiple
studies [4], [18]. Long continuous working hours also increase
the risk of Repetitive Stress Injuries (RSI). As reported by
The National Institute for Occupational Safety and Health
(NIOSH) [1], musculoskeletal disorders are the most costly
category of workplace injuries. The U.S. spends $100 billion
on lost productivity, employee turnover, and other expenses,
and $20 billion annually on workers’ compensation costs due
to RSIs. It is, therefore, important to encourage employees to
take frequent breaks from continuous work to reduce their risk
of RSIs and improve their overall well-being [2].
The rate of adoption of wearable devices such as smart-
watches and wrist-bands has been rising continuously. More-
over, most of the sensors required for physical activity de-
tection such as accelerometer, gyroscope, GPS are already in-
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Fig. 1: Standard Foosball Table
cluded in smartwatches (e.g., Apple Watch, Samsung Gear S2).
Wrist-worn wearables, due to their form factor and position,
have many advantages over smartphones in determining certain
activities. Physical activities that are primarily dependent on
hand and wrist movement can be more accurately detected
using a wrist-worn device. For example, smoking, playing
foosball, table tennis, driving etc. involve unique hand move-
ments that can be more accurately detected using the user’s
smartwatch than her smartphone. Therefore, in this work, we
use a smartwatch to detect the physical activities performed
during a break. During breaks, employees at a workplace might
get a coffee, go for a walk, play a game of table tennis or
foosball, or just chat with a colleague. Although an employee
can perform any of these diverse set of activities, in this paper,
we speciﬁcally focus on detecting playing foosball as it is
one of the most commonly played games at workplaces in
the United States. If a user performs any other activity, for
example, walking or running, then our system can be extended
using existing work [11], [13] to detect these activities. If
an employee goes outside of her work location, this can be
easily inferred using their location detected from Wi-Fi and
GPS signals.
In this paper, we present a system that detects whether
the user is playing foosball or not. The system comprises of a
data acquisition component that captures data from smartwatch
sensors such as accelerometer and gyroscope. The data is
then split into windows (e.g., 2 seconds), and then passed
into a feature extraction module. A binary classiﬁer uses
these extracted features to detect whether the user is playing
foosball or not. A smoothing technique is applied on top of
the classiﬁed output to smoothen the output to accurately
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Fig. 2: Architecture of the System
infer the duration of a foosball break. The inferred foosball
break events are logged into a database on the smartwatch
for later retrieval. Although there is considerable work in the
ﬁeld of smartphone based physical activity detection [19], we
believe that smartwatch based activity recognition provides
unique advantages in determining activities such as playing
foosball due to its position, which we exploit. It might not be
possible to determine the playing foosball activity using only
a smartphone. Our main contributions are the following:
• We present design, implementation, and evaluation
of a smartwatch based system for detecting playing
foosball activity.
• We show using dataset collected from a real workplace
that with an accuracy of over 95%(precision=82.2%),
we can determine whether a person is playing foosball.
• We also show that we can estimate the average dura-
tion of a foosball session with a 3% error.
II. SYSTEM ARCHITECTURE
To realize a system which can identify when a person is
taking a break, coordination between multiple personal devices
is necessary as different activities performed when a person is
taking a break might be identiﬁable through separate devices.
For example, gaming activities such as playing foosball or
snooker/pool might be easier to identify using smartwatches,
whereas activities such as cycling might be easier to identify
using smartphones, if the smartphone is kept in the pant pocket.
Other than a person’s personal devices, infrastructure sensors
can also be helpful in providing usable hints regarding individ-
ual’s break times - e.g. using Wi-Fi based indoor localization
to identify that the person is in the pantry.
Figure 2 shows the overall architecture of the system which
can be helpful in identifying breaks. A central server is needed
which can orchestrate between multiple devices to promptly
identify if the user is taking a break. The processing pipeline
of the central server is explained in Figure 3. The sensing
pipeline consists of the following components:
• Framing stage: The raw accelerometer data is broken
down into multiple frames. The frame length is tunable.
For our dataset, we empirically determined the frame
length to be 0.5 seconds. We used a sliding window with
an overlap of 50% between two successive frames.
• Feature extraction: For each frame, features are ex-
tracted. These extracted features line in both time and
Fig. 3: Activity Recognition module pipeline
frequency domain (similar to [19]). The summary of
features extracted is listed in Table I.
• Gesture Classiﬁcation: Once the features have been
extracted from the data, the feature instances are passed
through multiple classiﬁcation models, where each model
is a binary classiﬁer to determine a particular break
activity. Based on our empirical evaluation of multiple
classiﬁers, we found that Random Forest usually has
higher accuracy with tolerable latency. We have thus used
Random Forest in all our evaluation.
• Smoothing: Finally output of the classiﬁer has to be
smoothed. A lot of false positives can appear when we
consider a small window size. We thus have to smooth the
output to remove these false positives. Currently we have
used a dominant set labeling approach for smoothing.
However in future, we can use more sophisticated smooth-
ing techniques to have a better classiﬁcation accuracy.
III. ACTIVITY DETECTION
We next provide some background of foosball and then
discuss about the data that we collected and the gesture
identiﬁcation that we performed.
A. Background
Figure 1 represents a typical foosball table. A foosball table
consists of 8 bars (4 on each side) to which 11 to 13 miniature
ﬁgures representing a soccer player is attached. The bars have
to be moved forward and backward to align the players with
the ball and rotated to strike the ball. The game can be played
as singles, where one person controls all four bars or doubles
where two players control the four bars. In a singles game, the
player has to switch bars, based on the position of the ball,
while in the doubles game, a player acts either as a defender
(control the ﬁrst two rods from own goal) or as a forward
(control rods three and four). The objective of the game is
to score a certain number of goals (typically 8 to 10) before
the opponent scores the same number of goals and a game
is considered over when either of the teams has scored the
pre-decided number of goals.
B. DataSet
We collected data from 5 individuals who were part of the
same research unit in an organization. The data was collected
in phases over a period of one month. A custom smartwatch
application was deployed on the Samsung Gear 2 watch. This
application would collect accelerometer and gyroscope data
Feature Name Count Description
Mean 4 The mean of the sensor readings for X,Y,Z axis and the magnitude for a framing window
Variance 4 The variance of the three axis of accelerometer and the magnitude in a framing window
Covariance 3 The covariance of each of the accelerometer axis w.r.t. the other axes
Energy 4 The energy of the X,Y,Z axis of accelerometer and the magnitude
Entropy 4 The entropy of the three axis of accelerometer and the magnitude
TABLE I: List of features extracted from the raw accelerometer readings
(a) Entire day’s plot of magnitude of the 3
axis accelerometer
(b) Direction of different accelerometer
axes
(c) Variation of Y axis of accelerometer
when person is playing
Fig. 4: Visualizing variations in raw sensor readings
from the smartwatch. A total of 23 person-day data was
collected using this application, where the Start of day was
between 10 AM to 12 noon and the End of Day was any
time between 4 PM and 6:30 PM. During these 23 person-
days, a total of 81 hours data was obtained. On all these days
the individuals played foosball atleast once during the day.
Other than foosball, in 4-person-days data, the individuals also
played table tennis. The table tennis data has not been removed
from our dataset when we performed the evaluation. We did not
try identifying table tennis gesture due to the limited amount
of table tennis data. For the foosball data, the total number
of times the individuals played foosball (foosball session) was
74 times which resulted in 709 minutes of data. All foosball
games played were doubles, where four people were playing
at a time. The playing four in any game was not restricted to
the 5 individuals whose data was collected. Anyone in the
organization was free to join in. Overall, in 30 cases, the
data collected was from the individual who was playing as
a forward, while in 44 cases, the individual was playing the
role of the defender.
To collect the ground truth, the custom application on
the watch had a user interface, which had options where the
user would mark when they started playing a game, when
they ﬁnished the game, whether they were playing offense or
defense and when a goal was scored. Every gesture during
the game was not marked individually. We next discuss about
activities we are tying to detect.
C. Did You Play Foosball Today?
Since the data was collected on days when the users
played foosball atleast once, we wanted to see how accurately
we could predict the playing time. To understand if this
identiﬁcation was even possible, we plotted the magnitude
of the 3 axis accelerometer to see if there was any variation
during the playing period. Figure 4a shows the variation of the
magnitude over the period of a day. When a person is playing
foosball, we expect to see a lot of very fast hand movements.
From the ﬁgure, we can clearly see the huge spikes when the
person played foosball. We zoom into the data and plotted the
Y axis data because the maximum variation was observed in
the Y-axis as that is the direction in which hand is rotated (See
Figure 4b). The variation is shown in Figure 4c. From this we
can see that when a person is taking a shot there is initially
positive acceleration and then negative acceleration in the Y-
axis. This is because the hand has to be rolled in clockwise
initially to raise the players for power in the shot and then it is
rolled back anti clockwise to take the actual shot. Other than
the huge variation in the Y axis during shot taking, there is
continuous variation in the X-axis (not plotted) because during
the game, the player has to continuously move the rod forward
and backward to align the players to gain possession of the
ball.
From the datasets, we wanted to answer two questions : (i)
how accurately can we identify the foosball gesture and (ii)
can we group all the foosball gestures together to declare a
period of time as a foosball playing period. We next describe
our approach in answering the two questions.
1) Identifying the playing gesture: We can see that when
a person is playing foosball, there is a period of some short,
bursty, high acceleration gestures, which is not visible during
other times of the day. We wanted to identify this period and
mark it as the period when the person took breaks. To identify
this, we used a Random Forest classiﬁer with number of trees
set to 10. We extracted the features described in Table I.
Based on empirical evaluation, we found that a Foosball shot
gesture takes ≈ 1.3 seconds, where the actual shot taking
part (highlighted in the zoomed Figure 4c takes less than
0.5 seconds). We had to ensure that we could identify this
short high acceleration period. We varied the window size
which was used to calculate features between 0.5 seconds to
5 seconds (with 50% overlap) to understand how accurately
we could identify ‘Playing Foosball’. Based on the data we
found that the wrist rotation speed (which in turn resulted in
acceleration) varied across individuals. We also found that for
the same individual, there was variation across shots (as seen
in Figure 4c).
2) How long did you play?: To identify playing sessions,
we examining the temporal density of the fast hand gesture.
Since a player will take multiple shots in a game, there should
be multiple high acceleration readings in a small window.
If we could identify the time period between the ﬁrst high
acceleration shot and the last one during a session, we could
approximately identify the break taken by the individual. To
identify the break session, we use the entire day’s trace. We
considered a time window w and counted the number of
gestures classiﬁed as playing foosball in this window. If the
count of gestures in window was above a threshold t, we
considered this period as a ‘playing foosball’ period. From
the ground truth data we found that on average, games in the
dataset lasted for 9 minutes 35 seconds with a minimum of 6
minutes 10 seconds. Since a foosball session in our study was
always more than 6 minutes, we varied w so that it was could
cover even a 6 minute window. We considered the starting of a
foosball session when t gestures in a window was determined
as playing foosball and considered the session to end when a
window was determined as not playing foosball.
D. What Was Your Role In The Game?
Till now we were trying to determine the playing moment.
We next wanted to see if we could determine the role of the
player in the game. Identifying this can be interesting because
if we can help providing statistics to players at the end of a
certain period of time regarding how they played in certain
positions, against certain opponents, with certain team mates
etc. To identify the role of a player in a game, we took the data
from the actual playing period of the individuals, determined
by the ground truth data. We used the features that were
extracted from the best framing window size. We separated out
data based on sessions. We then performed a leave one session
out cross validation to determine the role of the player. For the
evaluation, we used a random forest classiﬁer with number of
trees set to 10.
IV. EVALUATION
We next describe the performance of our system.
A. Did You Play Foosball Today?
To identify the time of playing foosball, we had to identify
(i) Foosball Playing Gesture: to determine if an individual
is playing foosball and (ii) Playing Period Estimation: to
determine how long the foosball game lasted.
1) Foosball Playing Gesture: To identify the gesture, we
took the data 23 person-days data of the 5 users and per-
formed a leave-one-person-day-out-cross validation. We took
data from 22 days and created a training set, where the class
labels in the training set was either Playing or Not Playing.
The data from the 23rd day was used for testing. Based on
our evaluation we found that we could obtain a precision
of 82.2% and a recall of 90.49% when we used a window
length of 0.5 seconds, which decreases to Precision=54.7%
and Recall=82.9% when we varied the window to 5 seconds.
The plot for varied window lengths is plotted in Figure 5.
From this we see that the precision and recall increases as
0
20
40
60
80
100
0 1 2 3 4 5 6
Pe
rc
en
ta
ge
 
Window Size (seconds) 
Accuracy Precision Recall
Fig. 5: Effect of varying the feature calculation window size
on accuracy, precision and recall
we decrease the feature calculation window size. One reason
for this can be since gestures in foosball are short and quick,
it can be identiﬁed more accurately in smaller frames. Thus
based on this, we decide to use a window size of 0.5 seconds
for further calculations. Other than the precision and recall, we
also computed the accuracy of foosball gesture identiﬁcation
and found the accuracy to be at 95.65%. The accuracy of the
system will be high because of the imbalance in the two classes
(plating foosball and not playing foosball). In our dataset, less
than 10% of the data is from instances when the individual is
playing foosball.
2) Playing Period Estimation: To identify a playing ses-
sion, we considered windows of size w= {1,2,3,4,5} minutes.
To determine if w was a Playing Foosball window, we counted
the number of foosball gestures that were identiﬁed in the
window. If the number of foosball gestures were above a
threshold t = 1,2, · · · ,30, then we declared the window to be a
Playing Foosball window. Since we were using a 0.5 seconds
framing window, we had 120 classiﬁcations in a minute. We
discarded any session prediction if the predicted session was
less than ﬁve minutes. From the data we found that setting the
threshold of gestures too low results in over estimation in the
number of sessions predicted in a day. While setting it too high
led to under estimation. The reason for this is because there
can be multiple false positives during the day while setting
this threshold too high resulted in under estimation. We can
compute the error in predicting the number of breaks as
Error =
ActualNo.o f breaks−PredictedNo.o f breaks
ActualNo.o f breaks
(1)
Here a value close to zero is what is desirable. A positive value
indicates that we are underestimating, while a negative number
indicates we are over estimating the number of breaks taken.
Figure 6 shows the error in predicting the number of breaks
that are taken when window size w is varied from 1 minute to
5 minutes. The X axis of the graph represents the number of
gestures considered(t). When the number of gestures in a time
window is low, there is always over estimation in the number
of sessions. However the error gradually reduces to 0 as we
increase the number of gestures.
We next wanted to see how accurately we could identify
the total break time. Figure 7 shows the variation in prediction
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Fig. 6: Error in predicting number of breaks taken when
window size (w) is varied
of break duration when the number of gestures threshold,
considered is varied. From the ﬁgure we again ﬁnd that with a
low number of gestures, we always over estimate the duration
of breaks taken. A lot of false positive in a day gets added to
the break time. However if we considered too many gestures
in w, we end up under estimating the duration of breaks. The
reason for this is, there might not be a lot of foosball gesture in
the entire break duration (e.g. when switching between games
or after a goal has been scored) and thus the threshold might
not be reached. From analysing the data, we ﬁnd that we
can get an average estimation error of less than 3% when
we consider a time window of 2 minutes and we consider
8 gestures in those two minutes. However this value varies
across individuals. A point to note here is that our gesture
estimation is from only one hand (as the player wore only one
watch). If we assume that a player plays equally with both
the hands, then the total number of gestures in the 2 minutes
window might be 16. In future if we have data from both the
hands, we will try to predict this value more accurately.
B. Role in Game
We ﬁnally wanted to determine the role of a person
(whether forward or defender) in the game. We performed
a leave one session out cross validation to determine an
individual’s role in the game. During one session multiple
games could have been played and it was not necessary that the
role of a player had to be the same in all the games played in
a session. Based on our evaluation we found that with 59.4%
accuracy, we could identify the role of a player. The reason for
the low accuracy in role determination is because a person’s
playing style remains almost invariant whether playing as a
forward or as a defender. However, based on observation, we
saw that the moving pattern for the goal keeper bar (primary
role is to save the shot on target) was different from that of the
ﬁrst row of forward (primary role was to take a quick gestured
shot to score a goal). However in our study, since each person
was wearing the watch in their dominant hand, we do not
have data from the hand controlling the goal keeper bar. In
future, if we have data from both hands of an individual, we
can correlate the data between the left and right hand, which
might help in identifying a person’s role more accurately.
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V. DISCUSSION AND FUTURE WORK
We have shown the feasibility of implementing a system
which can help in detecting one type of break. There are
multiple possible extensions to the system which we are listing
down here.
A. Break Determination
Our current implementation aims at identifying if a user
is playing foosball. However, foosball might be one of many
activities that can be performed when a user is taking a break.
There are other recreational activities which an individual
can engage in - e.g. table tennis or snooker/pool. Other non
sport activities such as having coffee might also occur when
a person takes a break. As a logical extension of this work,
in future, we intend to identify other break-taking activities
that are performed by individuals during working hours. For a
robust estimation, data from multiple devices (smartphone or
infrastructure sensor) might be needed. We foresee the use of
a central coordinator in coordinating between various devices
to decide if a person is taking a break.
B. Sensing Modality
We have currently used only the accelerometer. We did
not use the gyroscope because the best possible sampling rate
achievable for the gyroscope in the watch we used was quite
low for any meaningful inference. In an activity like foosball,
the gyroscope might provide a higher accuracy as there is
rotation along one of the axis of the watch. However the
gyroscope can drain out the battery very fast. In future we
will investigate how we can use the accelerometer to trigger
the gyroscope to capture such gestures more accurately with
minimum increase in battery drain rate. We also intend to take
advantage of other sensors (e.g. GPS) to improve the activity
recognition. Infrastructure sensors can also be augmented with
the sensors on the wearables for robust activity recognition.
C. End User Application
We currently have implemented a basic foosball gesture
identiﬁer which can help in determining when a person is
taking a break. However, currently we have not explored
possibilities of generating statistical data from the activity such
as identifying how many goals an individual scored or during
a month who did the individual partner with in the maximum
number of occasions. In future we plan to explore predicting
such statistics. Currently, we tried identifying the role of a
player using simple gesture recognition. In future, we intend
to study how the ball moves across the table and based on the
sequence in which players interact with the ball, can the role
of a player be determined.
Currently we have shown the feasibility of building one
break taking activity detector. If we have multiple such activity
recognition systems, we can use the identiﬁcation of breaks
for self reﬂection of the individual. Statistics such as amount
of time spent at workstation in an ofﬁce as compared to
recreational areas can help individuals in maintaining a good
work life balance. If the amount of time spent in each activity
can be presented to the individual, it can help her in planning
her days better.
VI. RELATED WORK
Unobtrusive physical wellness monitoring has always been
of interest to researchers. As smartwatches and wristbands are
becoming common place, more people are embracing them for
ﬁtness tracking such as step counts during the day [9]. Efforts
such as [15], [19] have established that continuous activity
recognition is possible on consumer mobile devices, while
work such as [5] shows how continuous activity recognition
is possible in wearable devices accurately and in an energy
efﬁcient manner.
Activity Recognition using wrist worn devices to determine
physical wellness has been a well-studied topic [6], [7]. Parate
et al. [14] used a wrist worn device to determine smoking,
while Amft et al. used it to understand food consumption [3].
Techniques such as [12], [16] have used the way a person
is interacting with mobile devices to determine the individual’s
emotion and social behavior. Additionally there is scope for
learning through wrist-worn devices how healthy (both phys-
ically and mentally) a lifestyle a person is leading [8], [17].
Yet another aspect of interest is a person’s social interactions.
Knighten et al. [10] recognize social interactions of the users
through numerous gestures such as hand shake, ﬁst bump, high
ﬁve and pointing. Such social gestures may be indicative of
person’s mental and social well-being as well.
Our paper is orthogonal to these works and focuses on
identifying breaks taken by the person during work hours in
the form of activities such as foosball or table tennis. The
aim is to monitor if the user takes sufﬁcient breaks during
work. The overreaching goal is to encourage timely breaks and
interactions with colleagues through activities such as foosball
that in turn improves productivity at work place [4], [18].
VII. CONCLUSION
In this work we have shown that by using off the shelf
smartwatch, we can detect one of the most popular ofﬁce
recreational activity in the United States - playing foosball.
We have shown how a system can be built where a break
identiﬁcation activity such as foosball can help in managing
a healthy work life balance. With 23 day long data collected
from 5 users, we show that our system can predict when an
individual is playing foosball with over 95% accuracy and
precision over 82%. We also show how in future we plan to
extend this work to get more insights about the game as well
as identify other break related activities.
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